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Abstract 
Product reliability is a systems property that cannot be attributed to a single component. It is in many cases related to interactions 
between components, or to interactions between humans and the technical system. Product functionality includes both technical 
functions, like structural integrity and interactive functions, like ergonomics. Reliability assessments in the early stages of the 
development process are valuable, since design changes cost significantly less if made early. System reliability tests can only be 
made towards the end of the development process, but early estimates can be based on test data from component tests and 
function tests. Operating conditions often vary between component tests and system tests. Therefore, reliability assessments 
where data from one situation is used to predict reliability in a different situation must take this variation into account. We 
investigate how this can be done for both technical and interactive functions. The study is made in the context of system 
reliability for heavy trucks, where both technical functions and interactive functions affect product reliability. Two cases have 
been assembled from test data, one concerning a component on a truck cab, the other an interactive function of a truck. Two 
reliability estimation methods have been evaluated to investigate if the methods can be used for interactive functions as well as 
for technical functions. We conclude that a method for reliability estimation of interactive functions must be able to model 
increased uncertainty due to intrapersonal variation. 
© 2016 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Reliability is a vital property for commercial vehicles since 
all failures reduce uptime and availability, and thus the 
customer’s income. A customer’s perception of product 
performance is shaped by both technical and interactive 
functions. Technical functions are performed by components 
in the technical system, whereas interactive functions are 
performed as interactions in the interfaces between the 
technical system and the user [1]. For heavy trucks, some of 
the required interactive functions are climate comfort and 
driver ergonomics. 
System reliability assessments early in the development 
process are valuable, in order to avoid costly redesigns later in 
the process [2]. System reliability can be measured in system 
tests, but complete vehicle tests are expensive, time-
consuming and can only be done towards the end of the 
development process. At earlier stages of the development 
process, information about components, subsystems and 
separate functions is usually available and can be used to 
assess reliability.  
Because operating conditions in component and function 
tests can differ from operating conditions in system tests, this 
difference must be taken into account when data from 
component tests are used to predict performance in system 
tests. For example, component lifetime may be tested in a test 
rig indoors, but in the system test the component is mounted 
on a truck driven outdoors, where climate factors will impact 
the component life. In order to use information from tests of 
single components or single interactive functions to estimate 
system performance we need to estimate how variation in 
operating conditions influences the reliability.  
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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The most general question, in this aspect; “how do 
operating conditions influence component reliability and 
product function?”  has been addressed in previous research, 
e.g., [3] and [4]. Cizelj et al. [3] use fuzzy logics to take into 
account qualitative and quantitative information about 
operating conditions. Johannesson et al. [4] focus on variation 
and uncertainties and combine the effect of variation from all 
sources to estimate the total uncertainty. Both of these 
methods have been presented as ways to estimate lifetimes or 
failure rates of hardware components. We have previously 
argued that for heavy truck customers interactive functions 
play an important part in appreciation of reliability [5], but the 
methods have not been generalized to cover them. 
In addition to environmental factors, which influence 
technical functions, interactive function are also influenced by 
the user. Two persons using the same product may experience 
it quite differently, which makes interpersonal variation a 
unique operating condition influencing the (perceived) 
performance of interactive functions.  
In this paper we investigate to which extent the two 
methods, the fuzzy logic method and the VMEA method, 
respectively, presented by Cizelj et al. [3] and Johannesson et 
al. [4], respectively, can be used to handle both technical and 
interactive functions. The research questions addressed are: 
How well suited is each method to the specific situation in our 
test cases? In particular, can they be used for reliability 
assessments of interactive functions? How sensitive is each 
method to uncertainties in input data? 
2. Methods for reliability estimation and expert elicitation 
This section gives the background of how input data was 
found. The system model provides information about relevant 
noise factors, and expert knowledge is used to estimate the 
effect of noise factors. The two methods to account for 
varying operating conditions are presented briefly. 
2.1. System representation 
We have studied our system previously and modelled the 
system architecture and the connections between function 
performance and operating conditions with the method 
described in [5]. Figure 1 shows an overview of the system 
representation. The extended Design Structure Matrix 
(eDSM) contains all connections between the components of 
the technical system, as well as connections to the human and 
environmental domains. The Function-Means-Matrix (FMM) 
holds all functions, technical and interactive, and the relations 
to all components and human and environmental aspects that 
contribute to the performance of each function. This 
representation shows which noise factors, human or 
environmental that influences the reliability of a function, and 
which surrounding components in the configuration that are 
the most important. 
2.2. Less resource intensive knowledge-to-number process 
Expert knowledge is valuable as input to risk analysis and 
decision support when data is scarce. It has been used in large 
infrastructure projects, for example in risk analysis of nuclear 
installations. Taking expert knowledge into account requires 
awareness of common biases and mistakes that people make 
when asked for probability distributions. Expert judgement 
elicitation has been thoroughly researched, see for example 
[6] and [7]. The elicitation processes are extensive both in 
terms of time and number of people involved. 
For smaller risk assessments Askeland and Flage propose a 
less resource intensive expert elicitation process [8]. The goal 
is to scale down the process, and still maintain confidence in 
the result. The quality of the result is evaluated by a strength-
of-knowledge assessment. The authors recommend checklists 
of conditions to be fulfilled for strong, moderate or weak 
knowledge. 
2.3. Fuzzy logics method 
Cizelj et al. [3] propose a method to assess failure rates of 
components based on information about system specific 
operating conditions. The information can come in numerical 
form, for example from measurements, or in linguistic form, 
for example from interviews with experienced operators. The 
method was developed for a situation where the analyst has 
information about failure rates for a component from several 
similar systems with varying operating conditions. The 
analyst wants to make a more precise estimate of the 
predicted failure rate in one individual plant, based on 
information about the operating conditions in that plant. 
A failure rate distribution for general operating conditions 
is assumed to be known, either from test data or from a 
database. The information about system specific operating 
conditions is processed with fuzzy reasoning and the result is 
a relative failure rate. The general failure rate distribution is 
adjusted by Bayesian updating to yield a failure rate 
distribution for the specific operating conditions. The relative 
failure rate from the fuzzy reasoning is seen as one new data 
point in the updating process. 
2.4. VMEA 
Johannesson et al. [4] study the impact of variation on 
reliability. The variation mode and effect analysis method 
(VMEA) ranks noise factors according to their impact on key 
performance characteristics (KPCs), but can also assess the 
total uncertainty of predictions due to variation and Figure 1. System architecture representation. 
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uncertainties in input data. For each noise factor a sensitivity 
factor is set, which quantifies how much the KPC changes for 
a given change of the noise factor. The standard deviation of 
the noise factor is estimated. The method was developed to 
support robust design by focusing attention on those noise 
factors that contribute most to variation and thus to 
unreliability. VMEA is a first-order second-moment reliability 
method, which means that the relation between noise factors 
and KPCs is linearized (first-order) and no statistical moments 
higher than standard deviation are taken into account (second-
moment). 
3. Test cases 
In order to investigate if the methods can be applied to 
both technical and interactive functions, two test cases have 
been chosen. Our system test is a complete vehicle truck test. 
The test consists of a prescribed number of maneuvers and 
obstacles on a test track combined with driving on public 
roads. The technical system in the analysis is the truck cab. 
The cab suspension is included in the system, and the rest of 
the truck is considered part of the active environment. The test 
data and system architecture information come from real tests, 
but the information has been anonymized to protect 
proprietary information. 
3.1. Test case technical function 
The chosen technical function is to keep the structural 
integrity of one component in the cab suspension. The 
function fails if there are cracks or excessive wear. This 
component has been tested several times in indoors rig tests 
with approximately the same load. The operating conditions 
affecting the technical function are vibrations, temperature, 
humidity, dust/dirt and salt. 
Table 1. Test data from rig test. 
Test life 1.65 3.31 3.35 3.57 5.63 
Failures 0 2 1 2 2 
 
The test life data is found in Table 1. The time scale is 
chosen such that ݐ ൌ ͳ is the total time of the system test, and 
the number of failures is the system test is the number of 
failures recorded before ݐ ൌ ͳ. The failure probability for a 
component in the system test is the probability of failure 
before ݐ ൌ ͳ. 
3.2. Test case interactive function 
The interactive function is inhibit mechanical energy, that 
is, to provide vibrational comfort for the driver. This function 
is performed by the combined action of several components. 
The components transmit the vibrations from the frame (the 
environment) to the driver, for example via the cab 
suspension to the seat.  
The operating conditions influencing the interactive 
function are interpersonal differences and differences in 
configuration. The vibration environment is the same in the 
function test and the system test, and this factor is not 
included. The function performance grade is the measure of 
how well the function inhibit mechanical energy is performed, 
and it is measured by subjective judgement on a grading scale. 
The grading scale is constructed such that a grade below 1 
means about 50% probability of driver complaint. This is 
termed a poor grade. The vehicle in the function performance 
test received a grade of 1.2. 
4. Reliability estimation 
This section describes some details about how the 
reliability assessment methods were used. We begin with the 
questions asked to our experts and continue with some 
assumptions and approximations made in the use of the two 
methods. 
4.1. Expert elicitation 
The expert interviews have been conducted in accordance 
with the process proposed by Askeland and Flage [8]. For 
each noise factor influencing the technical function, the 
experts were asked to estimate how much the relative median 
life of the component would change if each factor, for 
example temperature, changed to a different state. We chose 
to ask for relative median life rather than relative failure rate, 
since median life is more tangible in a test situation, and 
therefore more accessible to expert judgement. 
For each noise factor influencing the interactive function, 
the experts were asked to imagine a large group of 
experienced drivers testing the vehicle. They were then asked 
to estimate how much the resulting grades would differ, in the 
case of one cab, to estimate interpersonal variation, and in the 
case of two different cabs, to estimate configuration variation. 
According to recommendations in [7] to avoid asking for 
credible intervals with high probabilities we ask the experts to 
give a median assessment, as well as the 25%- and 75%-
percentiles of their probability distribution. The knowledge 
from the two experts is aggregated by taking the geometric 
mean of each percentile. 
4.2. Fuzzy method 
The input data to the model is a distribution for the test life 
of the component together with information about operating 
conditions and how they affect the component. We choose to 
model the test life as Weibull distributed, a distribution 
widely used for lifetime modelling [9]. The rig test life 
distribution is estimated from the test data in Table 1. Expert 
judgement is used to assess the relative failure rates for each 
noise factor. 
The sensitivity of the method to the input data was 
investigated by using the 25%- or 75%-percentiles from the 
expert judgement rather than the median, and by studying the 
variation in the results. 
The function performance grade is modelled as normally 
distributed. Since only one data point is available the prior 
information will be important. The prior information is found 
in similar tests of other types of cabs. We model the fact that 
the grade is equally likely to be better and worse in the system 
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test by updating the prior distribution with two new 
observations, on either side of the mean. 
4.3. VMEA 
The input data to the method is information about the 
relation between noise factors and KPCs in the form of 
sensitivity factors. Expert judgement is used to estimate these. 
The standard deviation of the noise factors is estimated 
from the interquartile range of the expert judgements. The 
underlying probability distribution is assumed to be normal. 
The sensitivity of the method to input data and to the normal 
assumption has been investigated by varying the sensitivity 
coefficients by using the 25%- or 75%-percentile from the 
expert judgement rather than the median, and by assuming a 
uniform distribution rather than a normal. 
5. Results 
5.1. Expert elicitation 
We show the results from the expert elicitation process in 
Table 2. The 25%-, 50%- and 75%-percentiles are presented. 
Table 2. Data from expert elicitation. 
Noise factor 
effect 
25% 50% 75% 
Temperature rel. 
median life 
0.32 0.63 0.87 
Humidity rel. 
median life 
0.92 1 1.07 
Dirt and dust rel. 
median life 
0.12 0.42 0.6 
Salt rel. median 
life 
0.87 0.95 1 
Interpersonal variation -0.9 0 0.9 
Configuration variation 
-
0.91 
0 0.91 
 
The result of the strength-of-knowledge assessment from 
the expert elicitation is moderate knowledge. The expert 
statements diverge on some points, in particular for the noise 
factor which proves to be the most influential for the technical 
function; dirt and dust. 
5.2. Technical function 
The expected median life of the component decreases 
when it is exposed to the climate factors. The result of the 
fuzzy reasoning is a fuzzy set for the relative failure rate in 
the system test relative to the rig test. The membership 
function of this set is shown in Figure 2. The crisp value for 
the relative failure rate is ݎ݂ݎ ൌ ʹǤͳ͵ , i. e. the operating 
conditions are regarded as a test life observation at about half 
the mean life in the rig test. According to the fuzzy method, 
the probability of failure in the rig test before ݐ ൌ ͳ is about 
1.3%, and the failure probability increases to 2.1% in the 
system test. The mean time to failure decreases about 5%. 
The result from the VMEA method are estimated standard 
deviation for each noise factor, and an estimate of the total 
uncertainty of the component life in the system test. Figure 3 
shows the estimated standard deviations for each noise factor. 
The unit is in logarithmic life. The total standard deviation of 
the logarithmic life is estimated to 0.75. The VMEA method 
gives the failure probabilities before ݐ ൌ ͳ, to about 1‰ in the 
rig test and about 9.8% in the system test. The mean time of 
failure decreases about 19%. 
The probability density distributions for the component 
lifetime in both rig test and system test estimated by both 
methods are shown in Figure 4. The figure shows that the 
difference between the rig test and the system test is much 
larger with VMEA than with the fuzzy method. The large 
impact of the operating conditions on the lifetime distribution 
Figure 2. Membership function for relative failure rate. 
Figure 3. Relative importance of noise factors. 
Figure 4. Probability density function for component test life. 
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is also what makes VMEA sensitive to uncertainty in the 
input data. 
Both methods are most sensitive to uncertainty in the 
expert judgement on the effect of dust and dirt. The sensitivity 
analysis show that the failure probabilities in the system test 
vary between 1.6% and 4.7% with the fuzzy method and 
between 7% and 25% with the VMEA method. 
5.3. Interactive function 
Since we do not know if the drivers in the function test are 
more likely to complain than the drivers in the system test or 
vice versa, the expected grade does not change between the 
two test situations. 
The fuzzy method gives a crisp value for the deviation in 
grade as ±0.15. According to the fuzzy method, the 
probability of a poor grade in the function test is about 12%, 
and it decreases to 10% in the system test. The VMEA 
method gives the corresponding probabilities of a poor grade 
to about 6% in the function test and 18% in the system test. 
The probability density distributions for the function 
performance grade in both function test and system test 
estimated by both methods are shown Figure 5. The figure 
shows that according to the fuzzy method, the probability 
distribution is narrower in the system test than in the function 
test. According to VMEA the opposite holds. 
Both methods are most sensitive to uncertainty in 
interpersonal variation. The sensitivity analysis shows that the 
probabilities of a poor grade in the system test vary between 
9% and 13% with the fuzzy method and between 16% and 
20% with the VMEA method. 
6. Discussion 
The relation we are studying, between component or 
function test results and system test predictions, is one where 
increasing uncertainty is a given. We know less about the 
system test than about the component or function test. The 
question is how much the uncertainty grows, and, in the case 
of the component, how much the mean life decreases. The 
operating conditions for an interactive function always 
changes when the user changes, and only in exceptional cases 
do we know if the new user is likely to be more or less 
satisfied. Consequently, in order to model the effect of 
variation in operating conditions on an interactive function, 
we need a method which can model increased uncertainty 
accurately. 
The fuzzy method uses information about operating 
conditions as one more observation of a failed component (at 
the failure time corresponding to the crisp relative failure 
rate). The method takes no account of the width of the fuzzy 
set. This indirect way of using operating conditions 
information makes the method comparatively insensitive to 
uncertainty in input data. 
The fuzzy method was developed for a situation where the 
prior distribution comes from a handbook, or is built from 
observations from many different installations with varying 
operating conditions. The aim of the method is to narrow 
down a broad distribution by taking into account specific 
information about operating conditions in one installation. 
Our situation is the opposite. We have (relatively) good 
information about component rig test life, or the vibrational 
comfort of the vehicle that has been tested. The new situation 
is one where operating conditions have changed relative to the 
known situation, and consequently the uncertainty is larger. 
The fuzzy method is not intended for this situation. 
In the case of the interactive function we have no reason to 
assume that the drivers in the system test will find the 
vibrational comfort better than the drivers in the function test, 
or vice versa, we only know their perception may differ. Once 
more, we should be more uncertain about the system test, but 
the result from the fuzzy method shows the opposite. Rather 
than increased uncertainty in new situation, the probability 
distribution for the system test becomes narrower after the 
Bayesian updating, due to two more observations close to the 
mean. Our case is too far removed from the intended use of 
the fuzzy method; it is not useful for us. 
The VMEA method was developed explicitly to take 
uncertainty into account. Consequently, in both the test cases, 
the uncertainty increases, as expected. On the other hand, 
since uncertainty in the input data affects the results directly, 
the method is very sensitive to input data. The method was 
created to support robust design, and for this task it may be 
better to be conservative rather than precise. 
The linearization of the system response function 
introduces errors of unknown size. Furthermore, the rationale 
behind the VMEA as a second moment method is that the 
underlying distribution type is unknown. In order to use the 
method we still have to make some assumption of distribution 
type. On the other hand, the shapes of many distributions are 
similar when the mean and standard distribution are equal, at 
least near the mean where probabilities are large, like the 
estimated failure probabilities in the system test. 
The VMEA method handles the interactive function 
equally well as the technical function. The method was 
developed to handle uncertainty in different situations, and 
since our case is similar to the intended use of the VMEA 
method, it is useful for our type of application. 
Figure 5. Probability density function of function performance grade. 
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7. Conclusions and future work 
The ability to model increased uncertainty is a key 
requirement for modelling the effect of variation in operating 
conditions, particularly on interactive functions. 
The fuzzy method is not suitable for modelling increasing 
uncertainty, and this is why it is not suitable for interactive 
functions. Interactive functions are always influenced by 
intrapersonal variation. This variation always impacts the 
variance of the expected performance, but not the median, 
except in special cases where it is known that one group of 
people is more likely to complain than another. 
The VMEA method is suitable for both technical and 
interactive functions and for modelling increasing uncertainty. 
The method is quite sensitive to uncertainty in the input data. 
Planned future work is to: 
x Investigate two more methods [10] and [11]. 
x Investigate how the sensitivity to uncertainties in 
input data preferably could be managed. 
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